INTRODUCTION
Good spatial coverage along with high resolution make airborne time-domain electromagnetic (AEM) data valuable for the structural input to regional groundwater models. Geological structures and heterogeneity, which spatially scarce borehole lithology data may overlook, are well resolved in AEM data (Jørgensen et al. 2003) . However, boreholes play a key role in linking the resistivity to the different lithological and hydrological classes. Geometry and configuration of hydrogeological units are often poorly determined from hydrogeological data alone, emphasizing the need for an AEM data interpretation procedure that can be integrated in groundwater model calibration. Due to the discrepancy between hydrological and geophysical parameter spaces the challenge is to translate the electrical resistivity distribution into hydrogeological units. The relationship between hydrological and geophysical parameter space varies spatially and between sites, making a fixed translation insufficient. Groundwater model prediction uncertainty is primarily driven by structural (geological) uncertainty (Seifert et al. 2012 , Zhou et al. 2014 . Today geological models for groundwater modelling purposes are constructed from borehole and geophysical data using cognitive methods (Jørgensen et al. 2013) . This study presents a semi-automatic sequential hydrogeophysical inversion method for the integration of AEM and borehole data into regional groundwater models in sedimentary areas, where sand/clay distribution governs the groundwater flow. We propose a method to zone the subsurface into units with common hydrological properties, where the zonation is driven by structural information about the subsurface. Afterwards, hydrological data is used to determine hydrological parameters of the zones through model calibration. Our results show that a competitive groundwater model can be constructed from densely sampled resistivity models from AEM surveys together with borehole information, using the procedure outlined below.
METHOD
The petrophysical connection between hydrological parameters and geophysical parameters varies spatially within survey areas and to an even larger degree between survey areas. This means that a global, fixed petrophysical connection is non-existing. Here, the connection between hydrological and geophysical parameters is managed by a translator function with spatially variable parameters. In sedimentary areas, the distribution of mainly clay and sand are the governing factors for the groundwater flow. Hence, a model describing the clay content can be used for forming hydrological zones. In boreholes we describe the cumulated thickness, or clay-fraction, in intervals (this is our observed data). On the other hand we have geophysical resistivity models, which through a translator model (Figure 1 ) will translate the resistivities into clay fraction through a weight on the resistivities (this is the forward problem).
SUMMARY
We present an automatic method for parameterization of a 3D model of the subsurface, integrating lithological information from boreholes with resistivity models through an inverse optimization, with the objective of creating a direct input to groundwater models. The parameter of interest is the clay fraction, expressed as the relative length of clay-units in a depth interval. The clay fraction is obtained from lithological logs and the clay fraction from the resistivity is obtained by establishing a simple petrophysical relationship, a translator function, between resistivity and the clay fraction. Through inversion we use the lithological data and the resistivity data to determine the optimum spatially distributed translator function. Applying the translator function we get a 3D clay fraction model, which holds information from the resistivity dataset and the borehole dataset in one variable. Finally, we use kmeans clustering to generate a 3D model of the subsurface structures, which we then use as direct input in a groundwater model. We apply the concept to the Norsminde survey in Denmark integrating approximately 700 boreholes and more than 100,000 resistivity models from an airborne survey in the parameterization of the 3D model covering 156 km2. The final five-cluster 3D model is input to a groundwater model and it performs equally well or slightly better than traditional groundwater models from the area.
The translator model is a very simple function defined in a regular grid with two parameters per node, a lower and an upper parameter. The inverse problem seeks the translator model that results in the best fit between the clay fractions described in the boreholes and the clay fractions computed from the resistivity models. The best translator model from the inversion process is lastly applied to the resistivity models, thereby forming a 3D-clay fraction model. This output thus holds the integrated information about the amount of clay layers from both the boreholes and the geophysical resistivity models. The clay fraction model is used directly in setting up hydrological units by performing a 3D K-means clustering analysis to divide the subsurface into zones of uniform properties. A K-means cluster analysis is an iterative optimization with the objective to minimize a distance function between data points and a predefined number of clusters (Wu, 2012) . The clustering space consists of geophysical resistivities from AEM surveys and the clay fractions. K-means clustering can be performed on several variables, but for variables to impact the clustering equally, data must be standardized and uncorrelated. Thus the k-means clustering is performed on the principal components of the original variables. Lastly, we make use of the information held in hydrological data to estimate hydrological parameters (here hydraulic conductivities) in the zones outlined by the cluster analysis. The hydrological parameters are estimated by hydrological model calibration (inversion) with hydrological data as observations.
RESULTS
The Norsminde case area is located in eastern Jutland, Denmark and covers 156 km 2 . The modelling area has a high degree of geological complexity in the upper part of the section. The area is characterized by Palaeogene and Neogene sediments covered by glacial Pleistocene deposits. The Palaeogene and Neogene layers in the region are frequently incised by Pleistocene buried tunnel valleys and one of these is present in the southern part.
Boreholes. For the lithological logs a fixed lithology code list is available from the national database. All different types of clay layers are easily identified, and the clay fraction values can be calculated. For the model area, approximately 700 boreholes are available (Figure 2b ). We make a quality rating, where each borehole is rated from 1-4 (He et al., 2013) . The ratings are used to apply uncertainty to the lithological logs as required by the inversion.
AEM models. The major part of the model area is covered by SkyTEM data and adjoining ground based TEM soundings are included in the resistivity dataset (Figure 2a ). The SkyTEM data were collected with the newly developed SkyTEM101 system , which measure very early times to improve the resolution of the near surface layers. The SkyTEM survey was performed with a dense line spacing of 50 m for the western part and 100 m line spacing for eastern part (Figure 2a ). In total 2000 line km were flown with a total of 106,770 1D resistivity models.
Translator function. The 3D translator function grid has a horizontal discretization of 1 km, with 16 nodes in the xdirection and 18 nodes in the y-direction. Vertically the model spans from 100 masl (highest surface elevation) to 120 mbsl. The vertical discretization is 4 m above sea level and 8 m below sea level, which results in 40 calculation intervals. Hence, in total the model grid holds 16x18x40=11,520 translator functions each holding two parameters. Figure 3 shows a resistivity cross section together with the resulting CF model. The variations in the translator function (Figure 4a and b) are relatively smooth, which corresponds well to the general geological setting of the area with relatively homogenous clay sequences in this part. The resistivity cross section in Figure 3c reveals a detailed picture of the effect of the geological structures seen in the resistivity data. Generally, a good correlation to the boreholes is observed. Translating the resistivities we obtain the CFmodel presented in Figure 3d . The majority of the voxels in the CF-model have values close to 0 or 1. This is expected since the lithological logs are described binarily clay/non-clay. Evaluating the result in Figure 3d it is obvious that the very resistive zones are translated to a CF-value close to 0 and the very conductive zones are translated to CF-value close to 1. Focusing on the intermediate resistivities (20-60 m) it is clear that the translation of resistivity to CF is not one-to-one. The CF-section sharpens the layer boundaries compared to the smooth layer transitions in the resistivity section and results in a high degree of consistency between the CF-results and the lithological logs.
Clay fraction results.

Cluster results
For the cluster analysis the resistivity values have been log transformed and standardized by first subtracting the mean and then dividing by four times the standard deviation. Figure 4 shows the cluster analysis results; left horizontal slices of cluster model and right histograms showing resistivity and clay fraction values of the five clusters.
Hydrological results
The hydrological model is defined in the same 100m by 100m horizontal grid with a vertical discretisation of 5m relative to terrain. The model is forced by daily climate data (precipitation, reference ET and temperature) and annual pumping rates. The hydrological model is calibrated against 634 observed potential heads at 128 locations and daily stream discharges from three gauging stations. It is a transient model calibrated for the four year period 2000 to 2003. The hydrological model calibrates to an RMSE and ME (NB non-weighted criteria) of 2.9m and -0.38m; and 0.28m3/s and -0.021 m3/s for respectively potential head and stream discharge, which is slightly better than a model calibration based on a traditional cognitively built model. The RMSE and ME errors are within the norm for this type of large scale hydrological models. Furthermore, in the traditional build model it was necessary to add extra sand layers around some of the boreholes to assure they did not run dry. This was not necessary in the automatic model.
CONCLUSIONS
We presented a semi-automatic concept to produce 3D clayfraction models, integrating lithological borehole information with geophysical resistivity models through inversion. The clay fraction models are input to a K-means clustering routine which outputs units that can serve as a direct input to a groundwater model. The optimum resistivity to clay fraction function minimizes the difference between the observed clay fraction from boreholes and the clay fraction found through the geophysical resistivity models. Horizontal and lateral variation in the resistivity to clay fraction translation is allowed to ensure correct translation of a varying geology. The concept was applied to a 156 km2 survey with more than 700 boreholes and 100,000 resistivity models from an airborne survey. The output was a detailed 3D clay fraction model combining resistivity models and lithological borehole information into one parameter. The performance of the calibrated hydrological model shows that the presented method is able to capture the subsurface structures sufficiently to explain the observed hydrological data in the framework of a large scale integrated hydrological model. The semi-automatic and data driven zonation approach presented here is a promising method of creating standardised structural inputs to groundwater/integrated hydrological models. The performance is comparable to calibrations using classically developed geological models, but has the advantage of objectivity and re-reproducibility. 
